The need for reducing our energy consumption footprint and the increasing number of electric devices in today's homes is calling for new solutions that allow users to efficiently manage their energy consumption. Real-time feedback at device level would be of a significant benefit for this application. In addition, the aging population and their wish to be more autonomous have motivated the use of this same real-time data to indirectly monitor the household's occupants for their safety. By breaking down aggregate power consumption into its components, Non-Intrusive Load Monitoring provides information on individual appliances and their current state of operation. Since no additional metering equipment is required, residents are not confronted with intrusion into their familiar environment. Our work aims to depict an architecture supporting non-intrusive measurement with a smart electricity meter and the handling of these data using an open-source platform that allows to visualize and process real-time data about the total energy consumed. As a case study, we describe a series of measurements from common household devices and show how abnormal behavior can be detected.
I. INTRODUCTION
Both the excessive use of fossil fuels, as well as the evergrowing demand for energy are contributing to the biggest challenges that we are facing today. For example, the worldwide energy consumption grew by 2.3% in 2018, which is the highest growth rate in this decade (IEA 2018) 1 . With 30 to 40%, residential homes and buildings account for a significant portion of the overall energy consumption [1] . Therefore, we aim at increasing awareness about energy consumption among residents with a special focus on electric energy and smart metering.
The first step towards a more efficient energy consumption behavior would be to identify the greediest appliances in a household. Unfortunately, the traditional billing system, where the user is informed about his consumption a few months later, does not allow such a practice. Users generally are not able to remember which devices were used in the duration referred in the energy bill and due to having only an overall lump sum it is almost impossible to make connections between the appliances' usage and the resulted power consumption value. Providing users with real-time information would be, in this 1 https://www.iea.org/geco/ case, of a great impact on their behaviors and decisions. However, providing only the total consumption does not give much information. Device-level information provides a more clear image about the appliances and their consumption. Several works have shown that informing the household's occupants about the energy consumption of single appliances can help to lower their total energy consumption by 14% [2] . Monacchi et al. [3] proposed an advisor to give personalized feedback to users. As a result, a potential of 34% of savings has been identified.
In addition to the goal of improving energy efficiency, energy consumption data can also be used to support elderly people to live independently. As a matter of fact, today's transition towards a much older population, mainly in the developed countries, is challenging existing models of social support and quality of life for older people and their carers. With the emerging efforts in the field of energy management systems, new opportunities to join these two domains are rising to the surface. At first glance, these two domains may seem to be diverging. However recent studies [4] , have shown that many health features can be inferred from the energy consumption data, examples include sleep disorder, anomalies in activity patterns, etc. By drawing the full image of the daily activities, appliance level information can be used by the smart home system in order to detect unusual behavior and trigger medical intervention when needed.
In this paper, we present a straightforward and cost-efficient implementation of an energy measurement system for a Smart Home based on an open-source platform for home automation -open Home Automation Bus (openHAB) 2 -that is intended to be used in future work to detect abnormal patterns in the behavior of the household's occupant.
The remainder of this paper is organized as follows: Section II discusses related work on Non-intrusive Load Monitoring (NILM) and Active and Assisted Living (AAL). Section III describes the lab environment, which is used as an experiment site. Section IV illustrates the implemented architecture and its components. In Section V, we present two case studies that depict the advantages of combining NILM and AAL. Section VI concludes the paper and gives an outlook on future work.
II. RELATED WORK
Improving energy efficiency has received much attention in recent years due to its important economic and ecologic benefits. However, providing a single meter for each appliance (or using exclusively smart appliances [5] ) would not be an economic solution because of the cost for procurement, installation, and operation of the metering infrastructure. NILM techniques offer a cost-effective solution to monitor devices with a single metering unit. NILM, introduced in [6] , estimates the power consumption of individual devices given their aggregate consumption. In this way, the combined consumption must only be monitored at a single, central point in the household, providing various advantages such as reduced cost for metering equipment [7] . Certified smart meters or low-cost energy monitors are typically installed to provide information on energy consumption and related quantities of interest [8] .
Besides the provision of simple feedback, NILM is seen as enabling technology for occupancy detection [9] [10]. Furthermore, unusual power consumption patterns of appliances can be used to detect faulty appliances or malfunctions. A comprehensive review of NILM techniques can be obtained from [11] .
Besides common application areas such as occupancy detection and feedback on electricity consumption, NILM gained momentum in Home Energy Monitoring systems (HEMS) and AAL [12] . AAL comprises assisted living technologies that rely on ambient intelligence. Among other applications, AAL tools are used to cure and improve wellness and health conditions of adults [13] . Such tools rely on data to draw conclusions, give alerts, or notify ambulance. As described in a recent contribution, NILM can provide key information such as the on/off status of certain household appliances. Based on this information, AAL systems can make further important decisions [4] .
In [14] , the authors present an activity monitoring system for elderly people that leverages information from a NILM approach. The presented system aims to classify the observed daily activity in terms of normality. In [15] , NILM information was combined using the Dempster-Shafer theory.
Not exclusively but also with regard to AAL, the accuracy of NILM algorithms can be improved by incorporating sensor input different than electric power. In [16] , the authors observed that Machine Learning methods for NILM show an increased classification accuracy of up to 38 % when considering ambient features. Further improvements to performance can be achieved by the use of low-cost sensor networks [17] . In contrast to installing new sensors, the prototype presented in [18] makes use of pre-existing environmental sensors of a building. Such environmental sensors provide appliancerelated information that results in improved performance of NILM algorithms. The authors approve a positive impact of data provided by environmental sensors.
III. EXPERIMENTS SITE
As was mentioned in Section I, state of the art technology bears great potential in several areas of application. However, in current solutions, one of the most important involved groups -the end consumers -is not appropriately informed about the possibilities or involved in the development processes. In order to demonstrate the former and better involve users within a user-centered design approach, our institution has established a lab facility shaped like an apartment with a living room, a kitchen and an anteroom area 3 . The lab allows to run simulations, test smart home components and evaluate prototypical solutions with users.
The lab is equipped with a combination of smart devices from different manufacturers. Beside others, a Philips hue bulb or a Samsung cleaning robot is present. The variety of devices that can be controlled is big. In the kitchen area a stove, a cooking hood, a microwave oven and a refrigerator can be utilized where the first three appliances are all equipped with sensors and actuators. Moreover, water consumption can be monitored by a flow meter. In the living room area a smart speaker system, a projector, and a motor-controlled projection wall are present. An integrated sensor is present in the projection wall giving information about its state (up / down). In the anteroom, the functions and features of smart switches and motion detectors are demonstrated. However, enhancing the enumerated appliances with smart functionality is not an easy task, because no system available (speaking of the end consumer market) would be able to cover all desired functions and support all appliances. In previous projects [19] we have established our own layered architecture based on Open Source Gateway initiative (OSGi) 4 to integrate devices from different manufacturers in one platform. Meanwhile, a big Smart Home developer community has established opensource platforms covering the integration of a number of smart home systems and components from different manufacturers, providing needed functionality to a great extent and offering interfaces and tools to establish customized solutions. The platform in use in our environment is openHAB, a system based on the eclipse smart home framework. openHAB provides the optimal software framework for scientific research in the field of Smart Home. As one of the features, openHAB enables easy storage of device data on standard databases such as MySQL for further analyses. Simply defined rules help in simulating automated functions. Both features are not typical for systems available on the end consumer market. The openHAB instance is locally installed in the lab on a central unit (All-in-One PC ASUS Eee Top A6420-BF016M) running a Linux platform that can interact with the above-mentioned appliances through the local lab network.
The main focus of the laboratory in the recent past has been to demonstrate the possibilities of smart home systems in the context of AAL, for example by showing the possibility to remotely control even conventional devices. This does not only enhance the comfort but also the security, for example by automatically switching off dangerous devices such as the kitchen stove after a certain time. The additional benefit of the basic infrastructure is (as has been mentioned above) the possibility to track and identify typical behavior and react when there are significant deviations. However, in state-ofthe-art smart home systems, it is still necessary to equip each device in a home with a separate component (sensor or actuator) to be able to track utilization. This requires, in some cases, to intervene in the household's wiring which causes reasonable efforts and is costly. With NILM the tracking is possible with comparatively low installation efforts.
IV. SYSTEM ARCHITECTURE
A recent contribution brought forward 17 suggestions for the collection of energy data. With regard to data collection and data storage, we put a strong emphasis on meeting compliance with those suggestions in the design of our system [20] . The architecture of our system can be divided into two main groups: hardware and software.
The hardware architecture is mainly responsible for data acquisition, whereas the software part handles communication with a smart meter and serves as a data logger. Figure  1 illustrates our system and interactions between individual components.
A. Hardware Architecture
Data collection is a fundamental task of every data acquisition unit and can be decisive for the quality of extracted data. To meet safety guidelines and ensure a predictable measurement error, we integrate a certified smart meter 5 in our architecture. Besides compliance with safety and quality standards, this meter can easily be integrated into a Home Area Network (HAN) through the built-in Ethernet connection. In addition, the Ethernet interface permits remote read-out and data transfer to external processing units. We decided to integrate a smart meter of a European company since it is expected that 72% of European consumers will have such a smart meter installed in their homes by the end of 2020 6 .
B. Software Architecture openHAB represents the centerpiece of our software architecture. It can be best described as a home automation platform that allows controlling a variety of devices. The platform offers the scheduling of events and the introduction of a fixed set of rules. It also can operate as a high-security intranet for the sensors and actuators available in the smart home by providing the possibility to process data locally. Besides, unlike other platforms (e.g. ioBroker 7 , Home Assistant 8 ,... ), openHAB benefits from a robust community support and very clear available documentation.
In our setup, openHAB acquires power readings from the smart meter via Ethernet. The platform uses a ModBus TCP protocol as networking protocol, which operates in a 5 Gossen EM2289 6 https://ses.jrc.ec.europa.eu/smart-metering-deployment-european-union 7 https://www.iobroker.net/ 8 https://www.home-assistant.io/
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Appliance Event Type  1  Fridge  ON  2  Microwave  ON  3  Microwave  OFF  4  Monitor  ON  5  PC  ON  6  Water kettle  ON  7  Fridge  OFF  8  Water kettle  OFF  9  Water kettle  ON  10  PC  OFF  11  Monitor  OFF  12  Ventilator  ON  13  Water kettle  OFF  14  Fridge  ON  15  Ventilator  OFF  16 Fridge OFF Though openHAB integrates a dashboard that updates the latest readings in real time, we integrate a MySQL database to serve as data store. In the current version, the database serves as an interface for NILM algorithms. Based on readings provided by the MySQL database, NILM algorithms can be used to infer present appliances. Besides data storage, timely data visualization was identified as a design goal. To illustrate activities in the monitored lab, we utilize a Grafana instance. This tool allows communicates with the MySQL database, reads data and provides insights on energy consumption of the lab as well as ambient features.
It is planned to customize this tool to give detailed insights on activities on the basis of information provided by NILM algorithms. At the moment, our system utilizes the autonomous load disaggregation approach presented in [21] . This approach operates unsupervised and doesn't rely on a priori knowledge about appliances. As this algorithm suffers from moderate labeling accuracy, an important objective of future work is to embed more sophisticated NILM algorithms such as the online particle filter presented in [22] in our system.
V. CASE STUDIES
To demonstrate how NILM techniques can contribute to scholarship in ambient assistive labs, we present two descriptive case studies: one on automatic labeling of appliance events and the other one on detecting abnormal behavior.
In the first case study, we simulate a typical household scenario in our lab. This scenario contains appliance usage of six common electrical appliances: fridge, microwave, monitor, a PC, water kettle, and ventilator. Table I summarizes appliances in our study, events, and event types. During a time window of approximately 35 min, we reenacted behavior within a real household by using appliances to perform specific tasks such as heating water in the kettle, using the PC to edit a document and reheating food in the microwave oven. Figure  2 shows the total power consumption of the lab during our scenario. Table I explains the mapping of IDs and appliances. We clearly see how appliance events impact the aggregate power signal. For instance: the turn-on event of the fridge (event 1) is accompanied by a characteristic turn-on spike. ON and OFF events of the water kettle and the microwave result in considerable steps. In contrast, identifying events related to PC, monitor or ventilator represents a bigger challenge because of their low power consumption. As a result of knowledge learned during training, NILM algorithms can provide further insights and solve issues such as detecting appliance with problematically low power consumption. Furthermore, NILM techniques can help in understanding the current type of activity in households or reveal the routines of residents.
Having information about the routines of the resident is of great importance in home automation, for example, to switch off appliances that were unintentionally left on and have many use-cases in AAL.
In the scenario, we want to emphasize a major advantage of NILM for AAL: extraction of individual load curves.
The majority of NILM algorithms reconstructs the power consumption curve of appliances of interest by observing the aggregate consumption. In this study, we assume that a NILM algorithm provides the load curve illustrated in Figure 3 . In this figure, we observe three duty cycles of the fridge. Usually, fridges show a periodical behavior that is the result of a cooling process that is initiated when the temperature drops below a certain level and turns off when the target temperature is reached. At the beginning of the measurements, the power consumption shows a periodic behavior with a predictable power consumption pattern. Then, a different cycle can be observed between 16:35 and 17:05. As Figure 3 shows, the pattern is elongated to an uncommon extent. As it turns out, this anomalous pattern was caused by having the door of the fridge left open. Consequently, the fridge altered its common behavior and produces an anomaly. Such anomalies can be detected by AAL tools, which could suggest countermeasures to the causes of anomalies or, in case of emergency, notify rescue services. This simple scenario shows how AAL and related applications can benefit from NILM algorithms.
The two case studies presented in this section clearly demonstrate how NILM techniques can assist for deeper 16 Fig. 3 : An example of abnormal behavior insights into activities in homes to assist AAL tools and eventually, improve quality of services. The main limitation of this approach is its inability to detect anomalies in the behavior that is not related to electrical devices. One possibility to overcome this issue would involve installation of additional sensors, which is the opposite of what NILM tries to achieve. We conclude a trade-off between sensor installation and technical requirements has to be found.
VI. CONCLUSION
This work presented a proof-of-concepts realization of an in-door smart energy measurement system. The general architecture features a single smart meter which is connected to an openHAB system running on a Linux platform on a local server in the lab. The system is able to process measurement data and to visualize information for users. Through the integration of load disaggregation techniques, the presented system is expected to provide deeper insights into activities in the lab and improved diagnostics. In the first set of experiments, energy data was measured to depict appliance consumption patterns and to identify abnormal behavior of appliances like a fridge with an open door. The presenting approach is a promising approach for future AAL systems that support users in increasing energy awareness, reducing energy consumption, or supporting elderly people in their active living at their own home. Future work will address the testing of different load disaggregation algorithms to automatically identify the active devices using only the total power. Further studies could also investigate the combination and visualization of the data provided by our measurement architecture and other sensors present in the smart Home to better detect abnormal behavior.
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